Cycle-slip detection is mandatory prior to estimating positions based on carrier-phase observations. Recently, inertial sensors are integrated to detect cycle-slips regardless of sizes and combinations of cycle-slips in different frequencies. However, since inertial sensors contain errors such as random noise and bias, performance of the cycle-slip detection depends on the sensor performance. In general, there is a trade-off relationship between cost and performance of sensors, and we need to select appropriate sensors to achieve required cycle-slip detection performance. Therefore, we need a standard to select appropriate sensors. This paper introduces a procedure to predict allowable sensor error limit for gyroscope and odometer aided cycle-slip detection using theoretical formulation. By using error models of sensors, an error equation is set to predict error contributions from the sensors contained in the monitoring value that is used for cycle-slip detection. Simulation data is used to evaluate derived error equation and predict the error limit of sensors achieving objective performance. As a result, allowable sensor error region is predicted to detect 1 cycle-slip as a minimum detectable cycle-slip. This approach can be extended to accelerometers, and then it can be applied not only to vehicles on land, but also to those in aerospace.
Introduction
Carrier-phase based positioning methods including realtime kinematics (RTK) and network RTK allow centimeterlevel accuracy in their estimates, and are widely used for many applications, such as surveying and geodesy. These days, the demand for precise positioning of kinematic users such as vehicles in land and aerospace based on carrierphase measurements has been growing. For aerospace vehicles, precise positioning can be used for landing. 1) In addition, for land vehicles, there are needs for efficient management of traffic control and safety considerations such as automatic driving systems, intelligent transportation systems (ITS) and the monitoring of trucks carrying hazardous materials. Many research studies have been conducted applying carrier-phase based positioning to the land vehicle environment.
2,3)
Carrier-phase based positioning can provide accurate positioning results; however, they are vulnerable to cycle slips. A cycle slip is an integer jump in the ambiguity of a carrier-phase observable due to an instantaneous loss of Ó 2014 The Japan Society for Aeronautical and Space Sciences the phase lock when the GPS signal is blocked by obstructions. If cycle slips are not detected and isolated, they can induce large errors in the position domain, according to the size of the cycle slip and the satellite constellation. Alternatively, it will re-initialize ambiguity resolution.
Many cycle slip detection algorithms have been proposed over the years. Blewitt, 4) Gao et al., 5, 6) Neumann et al. 7) and Bisnath and Langley 8) proposed algorithms using linear combinations of double differenced observables from dual-frequency receivers. Dai et al. 9) used measurements from a multiple-frequency (more than three frequencies) receiver. However, since such algorithms take linear combinations of more than two observations in different frequencies, they cannot detect cycle slips of some special combinations. Those cases include cycle slips occurring in every frequency, as well as the same ratio as that of coefficients for linear combination of multiple observations in different frequencies. In order to detect cycle slips in every case, inertial sensors can be used for cycle slip detection. Therefore, Colombo, 10) Altmayer, 11) Du, 12) Takasu and Yasuda 13) integrated GPS/INS to detect cycle slips more precisely. In this aspect, we focus on cycle slip detection using inertial sensors in this paper.
On the other hand, performance of the cycle slip detection depends on errors contained in sensor measurements. There is a wide range of choices for sensors based on the associated error attributes, such as noise and bias. The cost of a sensor and its performance in terms of noise and bias error characteristics are closely related to each other. In order to develop a cost effective system, appropriate sensors whose costs are reasonable and at the same time satisfy desired performance requirements of the algorithm need to be identified before the system is developed and operated. Therefore, we need a standard to decide appropriate sensors; however, there are no previous works on sensor decision. Many other researchers have studied on this topic such as Carlson, 14) Yu 15) and Park. 16) In this paper, we propose an algorithm to predict allowable sensor error limit for cycle slip detection. First, we introduce a cycle slip detection algorithm to derive error equation. We then formulate an error equation of the monitoring value for cycle slip detection based on error models of external sensors and predict allowable sensor errors of corresponding sensors conservatively. Since odometers are already installed in vehicles, it does not incur any additional cost. Therefore, we choose an odometer and gyroscope for cycle slip detection. If we choose an accelerometer instead of odometer, this cycle slip detection algorithm can also be applied for users in aerospace. After setting an error equation, simulation data are used to evaluate performance of the cycle slip algorithm and check the validity of the derived error equation. The preliminary predictions of sensors for cycle slip detection algorithm using un-difference GPS observations are shown in Ref. 17) . In this paper, we extend this method to the cycle slip detection algorithm using double difference GPS measurements and re-formulate error equations. This case provides more reliable results since receiver clock bias is completely eliminated by double difference. Moreover, we further consider additional sensor errors such as bias stability of the gyroscope and scale factor error of the odometer to reflect reality more closely.
Algorithm Formulation and Error Analysis

Cycle slip detection algorithm
In order to resolve ambiguity, carrier-phase measurements should be handled as double difference. In this process, clock bias terms are completely eliminated and atmosphere related errors and orbit errors are greatly reduced if the user is within the coverage area of the reference station. 18) If we take the time difference once more, cycle slip can be shown as a jump error in the final measurement. Therefore, the monitoring value, MV for cycle slip detection can be expressed as the following equation.
In order to calculate the second term in Eq. (1), positions of the user, reference station and two satellites at the kth and ðk À 1Þth epochs need to be known. Since the navigation data and the coordinate of the reference station are received from satellites and reference station respectively, all positions except for the user at the kth epoch are known. By knowing the carrier-phase based position of the user at the previous epoch, the displacement vector of the user between previous and current epoch can be estimated by using the gyroscope and the odometer sensors. The estimated position of the user at current epoch can be expressed as the following equation. r r r r user ðkÞ ¼r r user ðk À 1Þ þ p t ðkÞ Áĥ h h hðkÞ ð 2Þ
In this equation,r r user ðk À 1Þ is the carrier-phase based user position at the previous epoch, which is known at the current epoch, p t ðkÞ is the distance traveled by the user between two successive epochs, which can be determined from the odometer output, andĥ h h hðkÞ is the heading vector estimated from the gyroscope output. With this estimated user position at the current epoch, the rate of double difference range in Eq. (1) can be calculated. Since atmosphere related errors and orbit errors are negligible due to the manner mentioned before, Eq. (1) can be assumed to have only the change in the integer ambiguity; therefore, cycle slip can be detected by monitoring the MV with an appropriate threshold, which will be discussed later in this paper. Unlike conventional cycle slip detection algorithms that use linear combinations of multiple frequency GPS observations, this cycle slip detection algorithm uses only single frequency GPS observations. Therefore, the proposed algorithm can detect cycle slips in any case regardless of sizes of simultaneous cycle slips in multiple frequencies. For example, ionospheric combination is widely used for cycle slip detection; however, this combination cannot detect cycle slips when the ratio of L1 and L2 cycle slips are almost the same as the ratio of wavelengths of L2 and L1.
Sensor error models
In this proposed algorithm, a gyroscope and an odometer are used to estimate heading angle and distance traveled at the current epoch, respectively. However, the outputs of these two sensors contain errors, such as noise and bias, as well as the true values. In order to predict the effects of such errors on the MV, the errors of the MV need to be propagated and appropriate error models for these two sensors need to be applied. Some general error models have already been developed for these two sensors.
First, for the odometer sensor, Abbott 19) modeled the odometer output using the following equation.
In Eq. (3), two uniformly distributed random variables, d k and d kþ1 are defined between 0 and S true . If
is defined, its mean and variance are 0 and ð1=6Þ Á S 2 true respectively. 19) In this algorithm, the time difference of the odometer output is needed to calculate the distance traveled, and it can be expressed as Eq. (4). The scale factor is related to the radius of the wheel of the vehicle, and it changes when the pressure in the tire of the wheel changes. For railway trains, it is reasonable to assume that the radius of wheels doesn't change over time. For cars, since, the pressure in the tire does not change abruptly, the scale factor can be assumed to change slowly over time.
The time difference of the odometer output contains three independent, uniformly distributed random variables, 2d kþ1 , d k and d kþ2 . The probability density function of a newly defined random variable, g k ¼ 2d kþ1 À d k À d kþ2 , can be calculated using convolution integrals of the probability density functions of the three independent, uniformly distributed random variables. The result equations are shown below.
Using Eq. (5), mean and variance of g k can be easily calculated as 0 and ð1=2Þ Á S 2 true respectively. Figure 1 shows the probability density function of the random variable, g k and the corresponding normal distribution. From Fig. 1 , we now assume g k as a normally distributed random variable for further formulation.
The final error equation for the odometer sensor is shown below.
In this paper, we don't consider odometer errors due to slippages of wheels.
Second, the error model of the MEMS gyroscope is wellknown as follows. 20 )
The bias error can be separated into a constant component and a random component. 20) It is assumed that the constant part of the bias error can be eliminated in the calibration process, and the resulting errors of the gyroscope include the random component of the bias stability error and the Gaussian noise. The bias stability can be modeled as a 1st order Gauss-Markov process 20) and it is assumed that the scale factor of the gyroscope is correctly estimated and compensated through calibration before using the gyroscope sensor. 21) Calibration is done by matching the output of the gyroscope to the known reference value. In addition, we assume that the misalignment error is also compensated before using the gyroscope sensor by alignment procedures. 21, 22) Therefore, a simplified error model for the gyroscope can be expressed as follows.
Error propagation in monitoring value
Now, the error equation is formulated by considering error terms of the two sensors introduced in section 2.2. The error equation helps to show the effect of the sensor errors manifested in the MV. First, the root mean square error of the monitoring value is expressed as follows.
RMS MVðkÞ
Here, '
2
Ár0 is the variance of the triple difference of carrier-phase measurement. Since the triple difference of ionospheric delay, tropospheric delay and ephemeris error are negligible their effects vanish in Eq. (9) .
To further formulate the RMS error of the range related term, the following true and estimated vectors are defined. Figure 2 shows the simplified user and satellite configurations, indicating the distance related vectors. Here,p p inertial ðkÞ is the estimated displacement vector of the user between two successive epochs, and it consists of the true displacement vector,p p t,inertial ðkÞ, and the error vector,p p error,inertial ðkÞ, due to the errors in the gyroscope and odometer sensors. Other terms are explained in nomenclature.
Since the range terms related to the reference station can be completely eliminated, Eq. (9) can be rearranged as follows.
In order to expand Eq. (11) further, user related range terms are defined as follows.
Using the definitions introduced in Eqs. (11) and (12), the second part in Eq. (11) can be further formulated and expressed as In Eq. (14), from the third to the fourth equality, the inner product of a change of line-of-sight vectors between two successive epochs and the error vector in the range direction induced by the user position error at the previous epoch can be assumed to be zero as follows.
The formulation is the same for the reference satellite as in Eq. (14) . In the Eq. (14), i is the angle between the error vector of user position and the line-of-sight vector of the ith satellites at the previous epoch and # i is an angle between two successive line-of-sight vectors of the ith satellite. Since # i is almost zero, the Eq. (14) also becomes zero. Therefore, it is shown that the user position error at the previous epoch to the MV is negligible.
Furthermore, from the fourth to the fifth equality, a worstcase scenario assumption is made in that the two line-ofsight vectors of the ith and the reference satellites are parallel in opposite directions, as shown below. As a result, the RMS error of the user related range can be expressed by an error vector in the displacement vector in Eq. (14) . Now, this vector has to be related to the errors in the two sensors. The displacement vector of the user between the two epochs can be estimated by multiplying the distance traveled and the heading vector as in Eq. (16) by neglecting high order terms. They can be separated into the true and error values, and the heading vector is a unit vector. The epoch index k is dropped for simplicity.
LOS
In Eq. (16), p error includes the odometer scale factor error and noise, andh h error is the integrated angle error induced by the noise and bias stability of the gyroscope. Therefore, the error vector in the displacement vector due to sensor errors can be formulated further as follows.
The heading vector error and the integrated angle error need to be related to reflect the errors of the gyroscope from the displacement vector directly. Then,h h error can be calculated by rotating the true heading vector by error , which is the integrated angle error due to the gyroscope error, about the U-direction along the ENU coordinate. If the true heading vector is set ash h t ¼ ðx y zÞ T
Since vehicles driven along roads are mainly constrained to a plane, 2D motion of a land vehicle user alone is considered here. Then, the norm of the heading vector error is ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi 2 Á 1 À cos 2 error À Á q . Using the fact that the norm of the heading vector is 1, Eq. (17) can be rearranged as follows.
We can express terms inside the square root in Eq. (19) simply by 2 error , based on trigonometric relations and small angle assumption. By substituting Eq. (19) into Eqs. (11) and (14), the final error equation of the monitoring value can be expressed as
With Eq. (20), by varying the range of the errors of the two sensors, corresponding errors in monitoring values can be predicted.
To make a conservative over-estimation of the contributions of the errors of the two sensors in the MV, jp t j is set to be the maximum distance traveled for heavy trucks (25 m for speed limit of 90 km/h by law in South Korea) to maintain consistency with the simulation in the following section. The standard deviation of the L1 carrier-phases is set to 0.003 m, which is larger than those for conventional receivers. Figure 3 shows the predicted MV errors for a range of 0 to 0.05 m and 0 to 5 deg/ ffiffiffiffi ffi hr p for the odometer and gyroscope sensors, respectively. Now, the previously predicted MV errors are consulted to select appropriate sensors that satisfy desired performance parameters of the algorithm. In order to avoid degradation of the position accuracy due to cycle slips, the proposed algorithm should detect every cycle slip, with the smallest possible size of a cycle slip being AE1 cycle. Since a linear combination of dual-frequency carrier-phase measurements are not used, the sizes of cycle slips occurring directly reflect on the monitoring values, with some effects of the errors contributed by the two external sensors. We introduce a standard to find appropriate sensors to detect AE1 cycle slips as the smallest possible detectable size. From Fig. 3 , every candidate of the sensor error sets is tested as to whether their RMS error of the MV exceeds half of the L1 wavelength with 95% probability. That is, a candidate from each sensor error set that does not exceed a quarter of the L1 wavelength is identified based on the relationship below.
Equation (21) is set based on the miss detection probability introduced in section 2.4 and Table 2. Figure 4 shows the result of the possible candidates of sensor errors based on the standards described above.
It is clear that there are trade-offs in the relationship between the allowable sensor errors of the gyroscope and the odometer. Furthermore, any candidate set in the region bounded by the line, x and y axis is allowable, making errors in the MV less than a quarter of the L1 wavelength.
If we introduce defined error terms in section 2.2, errors in the distance traveled and the heading angle can be related to the sensor errors directly as follows. MV error prediction Fig. 4 . Candidates of sensor error set whose MV error does not exceed half of the L1 wavelength for 95% probability.
The heading angle error can be calculated by considering the noise of the estimated heading angle and the integrated bias stability error in the gyroscope. A distance error is induced by the noise contained in the difference of odometer output and the scale factor error. In general, the performance of the gyroscope is represented by the angle random walk and the bias stability that are related to the noise and bias in the gyroscope, respectively. The relationship between the standard deviation and the angle random walk is shown below, and the error due to the bias can be converted from the bias stability by a simple conversion. 23, 24) 
Here, ÁT is set to 1 s in this paper. Again in Fig. 4 , since the distance and the heading angle errors should be considered at the same time, a point must be chosen somewhere along the line to select appropriate sensors. Consider a case where the point corresponds to (0.02 deg, 0.0146 m) for the heading angle and the distance errors, respectively. As before, if the scale factor error for the odometer is set at 0.05% of the true scale factor, then the possible noise of the odometer is approximately 0.0044 m. The next figure shows the relationship between noise (expressed as the angle random walk) and bias (expressed as the bias stability) of the gyroscope, and their relationship can be expressed as a part of an ellipse, from Eqs. (22) and (23) .
Since Eqs. (14) to (19) were formulated to over-estimate the errors in the MV induced from the sensor errors, the results shown above are conservative predictions. That is, possible candidates from the error equation would be included in the set of those determined from the simulation, which will be introduced in a later section.
Threshold determination
In order to validate whether the selected sensors can make cycle slip detection algorithm to detect 1 cycle slip as the smallest possible detectable cycle, we calculate the threshold for cycle slip detection. It is assumed that the MV has a normal distribution with zero mean and a standard deviation ', and can be expressed as Eq. (24), along with a graph whose mean is 0 (Fig. 6(a) ).
As mentioned before, since a cycle slip is an integer jump in the ambiguity, the smallest possible cycle slips are AE1 cycles. If a threshold that makes it possible for the proposed algorithm to detect such cycle slips is determined, other cycle slips whose absolute sizes are greater than 1 can be readily detected with that determined threshold. Since the MV when a cycle slip of À1 occurs has the same distribution as the MV that includes a þ1 cycle slip. Therefore, the þ1 cycle slip case alone is considered while determining the threshold here. When a þ1 cycle slip occurs, the distribution of the noise shifts to have the mean of the L1 wavelength, and it is expressed as the following equation and a graph whose mean is the L1 wavelength ( Fig. 6(a) ).
Consider a threshold, T, based on the standard deviation of the distribution, f shifted MV ; the area bounded by the probability density function, f MV and the threshold (the region shaded dark in Fig. 6(b) indicates the probability of the MV noise that is larger than the threshold. This probability is termed as ''False Alarm'' and data with this probability is sometimes detected as cycle slip even when cycle slip does not occur. On the other hand, the area bounded by the probability density function with mean ! 1 and the threshold (the region shaded light in Fig. 6(b) indicates the probability of the shifted MV noise that is smaller than the threshold. This probability is termed ''Miss Detection'' and some data with this probability cannot be detected even when cycle slip occurs. Both probabilities can be calculated using the following equations.
The threshold, T, can be calculated based on the degree of reliability, k, with its mean using the following equation.
where
An appropriate threshold among the calculated thresholds needs to be determined by considering the ''False Alarm'' and ''Miss Detection'' rates. For a conservative and safe detection of cycle slips, the ''Miss Detection'' limit is more important than the ''False Alarm'' limit; therefore more emphasis is given to the ''Miss Detection'' rate than the ''False Alarm'' rate, to determine the threshold.
Simulation Results
Simulation environment
In the previous section, the error equation for the monitoring value was formulated to detect cycle slips. In this section, data is simulated for GPS, gyroscope and odometer measurements to test the proposed algorithm, and to check the MV according to various sensor errors.
In order to reflect real measurements of GPS, GPS error sources are modeled, as described in Table 1 . 25) GPS simulation data are generated for approximately 100 s from 14:00, April 4th, 2012, and eight satellites (PRN 9, 12, 14, 15, 18, 21, 22 and 25) are observed during the simulation. Their elevation angles are approximately 60, 43, 24, 36, 81, 20, 45 and 22 deg respectively. PRN 18 is chosen to be the reference satellite because of its highest elevation angle. The distance between the initial position of the user and the reference station was approximately 28 km. A dynamic 5-ton truck is considered as the user with a 300 kW engine, and the acceleration and velocity profiles are generated using TruckSim Ò software (provided by KARI, Korea Aerospace Research Institute). Fig. 7 shows the time history of the acceleration, the velocity and the trajectory of the truck.
Equation (3) was used to generate the odometer outputs with various scale factors ranging from 0 to 0.1 m with a 0.005 m step. The corresponding range of the odometer noise is calculated by multiplying the range of the scale factor by ffiffiffiffiffiffiffi ffi 1=6 p because the odometer output contains a combination of two uniformly distributed random variables shown in section 2.2. According to this relationship, the odometer noise ranges from 0 to 0.041 m with about a 0.002 m step. Here, a scale factor error of 0.05% is assumed for comparison with the result in the previous section. It is expected that the odometer scale factor error could be larger than that as the result from the previous section was based on an overestimation strategy. Equation (7) is used to generate the gyroscope outputs for various gyroscope noises, and the bias stability of the gyroscope is fixed at 10 deg/hr, to give more freedom to the ARW component, based on the result in Fig. 5 . The bias stability is generated by modeling the Gauss-Markov process using the corresponding calculated Table 1 . Simulation data generation strategy for GPS errors.
GPS errors
Generation strategy Figure 8 shows the result of the generated odometer measurement and the pure integrated gyroscope outputs generated by the scheme described. It can be seen that only 0.05% of the scale factor error gives rise to approximately 2% distance error in the end.
Simulation result
Now the proposed algorithm is applied to the generated simulation data of GPS, the odometer and the gyroscope in the previous section. Since sensor measurements are generated for various sizes of the errors, the effects induced by these sensor errors can be seen by examining the monitoring values and determining whether sets with two sensors can be applied to determine AE1 cycle slips.
As in section 2.3, to determine the allowable sensor errors that make MV as small as possible to detect AE1 cycle slips, the RMS errors of MV are chosen for all visible satellites that are below a half of the L1 wavelength for 95% probability. Figure 9 shows the maximum allowable errors of two sensors that satisfy desired performance.
In Fig. 9 , the candidates in the region below each line for each satellite satisfy the desired performance, described in Eq. (21), and the intersections of all regions are shaded. At a designated odometer scale factor and bias stability of the gyroscope, using a set of sensors in the shaded region enables the proposed algorithm to detect AE1 cycle slips. The thick line on the bottom left in the figure represents the predicted candidates from the theoretical approach in section 2.3 under designated bias stability of the gyroscope. As mentioned before in section 2.3, since the error equation is formulated to contain the maximum possible values of original sensor errors, the theoretical result lies within the result using simulation data. In conclusion, for the prediction of allowable sensor error limit, AE1 cycle slip can be detected by the proposed cycle slip detection algorithm when the odometer and gyroscope are used, whose errors are included in the shaded region for given scale factor error and bias stability for odometer and gyroscope respectively. Now, consider a set of sensors having errors defined by the point marked with the cross in Fig. 9 . This point is not very conservative, and can cover all visible satellites at the same time. Figure 10 shows the time history of the monitoring values for all visible satellites colored in black, and also that when a AE1 cycle slip occurs, colored in gray. Based on the standard deviation of the shifted MV of the satellite with the lowest elevation angle, the threshold for a particular degree of reliability is also plotted in various types of lines. As mentioned before, a threshold of AE1 cycle slips are considered alone because they can readily detect cycle slips whose absolute sizes are greater than 1 cycle.
The thresholds, ''Miss Detection'' and ''False Alarm'' rates of the monitoring value shifted by þ1 cycle are also indicated in Table 2 . In this calculation of those two probabilities, two tails of the normal distribution are used.
From Fig. 10 and Table 2 , the ''Miss Detection'' rates were too big for the cases with detection probability 95% and 99.7%; thus, the thresholds of these cases are not suitable to detect cycle slip reliably. In the case of 5', its threshold missed only one cycle slip out of 1,000,000 possible cycle slips; however, the alarms was activated too often even when there no cycle slips occurred; about 3 times out of 1,000 data. On the other hand, for the 4' case, it missed one cycle slip out of about 17,000 possible cycle slips, which is still fairly good. Moreover, it confused only one regular case for cycle slip out of 10,000 data.
In this paper, bias stability of the gyroscope and the scale factor error of the odometer are fixed. The angle random walk of the gyroscope can be fixed instead of the bias stabil- Fig. 9 . Possible candidates of gyroscope and odometer errors. ity, or both of the errors can be included in the RMS error of MV, to see their effects at once. On the other hand, in the theoretical approach in section 2.3, there were not enough margins for a scale factor error because the error equation is formulated to have exaggerated sensor errors. However, in the simulation procedure, the odometer scale factor error could be adjusted to predict the effect of the larger scale factor error in the MV. Figure 11 shows time histories of MV for all visible satellites for 0.5%, 5% and 10% odometer scale factor errors, with a 10 deg/hr bias stability for the gyroscope. Simulation results for 0.5% and 1% odometer scale factor errors detected all cycle slips occurring at every epoch when the 4' threshold is used. However, the 5% odometer scale factor error induced larger errors so that the 4' threshold confused normal MV values to cycle slips; and the 3' threshold missed some cycle slips. Since there are trade-offs among all sensor errors, sensors with higher performance to allow larger odometer scale factor error must be selected. In Fig. 9 , the maximum allowable sensor limits are different for all satellites since the amount of projected errors of sensors on observation domain is related to the satellite geometry. From section 2.3, the error of estimated distance at current epoch is incurred by the projected value of the estimation error of user displacement vector to the single differenced line-of-sight vector between i th and reference satellites. Therefore, if the estimated user displacement vector is more aligned to the single differenced line-of-sight vector, the MV will be larger. In order to check this relationship, we plotted the MV with respect to the angle between single differenced line-of-sight vector and user displacement vector for all satellites together in Fig. 12 .
Dots in the upper graph in Fig. 12 are the MV when the sensors having errors defined by the point of cross in Fig. 9 . Crosses in the same figure are for the same gyroscope with odometer having standard deviation 0.0204 m and x-shaped points in the lower figure in Fig. 12 are for the same odometer as the dot case with gyroscope having angle random walk of 10.8 deg/ ffiffiffiffi ffi hr p . The MV becomes larger when the angle between single differenced line-of-sight and user displacement vector approaches 0 or 180 deg for dots and crosses as expected. However, there is no such relationship for the x-shaped case since the estimated heading angle is inaccurate to use because of a gyroscope with large angle random walk.
Conclusion
Cycle slip detection algorithms using inertial sensors, such as the one proposed in this paper can detect cycle slips in a single frequency GPS observation. Unlike the conventional cycle slip algorithms using linear combinations of GPS observations, single frequency based algorithms can detect cycle slips in any case regardless of sizes of simultaneous cycle slips in multiple frequencies.
In this paper, we also proposed a procedure for predictions of allowable sensor error limit for cycle slip detection using a theoretical approach. By deriving the error equation of the MV to detect cycle slips, the maximum allowable errors of the sensors to detect AE1 cycle slips could be predicted. In addition, allowable errors of the sensors using simulation data and the result included the candidates' prediction from the error equation. As a result, under a fixed bias stability and the odometer scale factor error, an odometer with noise whose standard deviation is approximately 0.0102 m and the gyroscope with 4.8 deg/ ffiffiffiffi ffi hr p angle rate random walk were selected for the proposed algorithm to detect 1 cycle slip. This algorithm did not depend on positioning error at the previous epoch according to the theoretical analysis. The maximum allowable sensor error determined for each satellite was different from the others because the amount of projected errors of sensors on observation domain depends on the satellite geometry. Since errors from odometer sensors were partly originated from the change of radius of wheels, we expect that the odometer sensors can be used more reliably for railway trains than for cars.
The aiding sensors were confined to the odometer and the gyroscope in this paper. Currently, the predicted accuracy can be barely achieved by the odometer sensors that can be purchased in the market. Therefore, we are going to consider other IMU sensors, such as accelerometers for this research in the future. By replacing sensor error models according to the corresponding replaced sensors, the proposed error prediction approach can also be applied to other IMU sensors. This study is expected to provide a simple guide to the sensor selection before developing and operating systems under reasonable assumptions.
